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Abstract: The carbon content of fly ash in boilers is one of the important indicators of combustion efficiency. This
study employs machine learning models to accurately predict the carbon content of fly ash. Firstly, random forest
is employed to adjust the frequency of fly ash carbon content data to once per minute, aligning it with the input
features to address the issue of imbalanced data collection frequency. Then, a recursive feature elimination method
based on random forest is used to extract nine important features out of the original 30 features, reducing feature
correlation and improving model accuracy. Subsequently, six machine learning models (linear regression, decision
tree, K-nearest neighbors (KNN), random forest, Catboost and XGBoost) are compared for prediction. The results
indicate that decision tree, KNN, random forest and XGBoost models perform well, MSE of which on the test are
0.010, 0.009, 0.006 and 0.006, respectively, while linear regression exhibits the poorest performance. The prediction
models remain robust under low, medium, and high boiler loads.
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Fig.7 Correlation coefficients of the variables
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Tab.4 Prediction results of the six machine learning models on the carbon content of fly ash of port A
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Tab.5 Prediction result of the six machine learning models on the carbon content of fly ash of port B
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Tab.6 Prediction result of the six machine learning models on the carbon content of fly ash of average A & B
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Pl 3.302 14.31 34.63 5.18 1051
2[R )
MRS 3.308 14.29 34.58 5.19 1051
" PR3 0.034 98.92 99.45 98.44 98.81
R -
Mk 0.088 98.16 98.77 97.53 98.02
KNN Pl 0.024 99.40 99.66 99.20 99.34
ke 0.076 98.74 99.04 98.50 98.67
P2 0.035 98.61 99.44 96.41 98.14
AR .
Mk 0.059 97.63 99.09 94.07 96.82
Pl 0.561 27.80 51.27 27.47 51.61
Catboost .
ke 0.955 25.90 47.45 26.05 47.92
PR3 0.024 99.39 99.65 99.21 99.34
XGBoost
e 0.052 98.43 99.23 96.95 98.08
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Fig.13 Residual distribution plot of the six machine learning models
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Tab.7 Training and prediction time of the six machine
learning models
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Uitt
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I
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Fig.14 Feature importance ranking in decision tree
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Fig.15 Feature importance ranking in random forest
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Tab.8 Random forest prediction results based on different loads

T MR 254 MSE T B9 ELSME 5%/% s HS{E 10%/%  fR S HSEE 0.2/% 2 HL S {E 0.4/%
- gtk 0.003 99.45 99.95 98.88 99.78
TR 0.006 98.61 99.66 97.42 99.25
- gtk 0.005 99.03 99.63 98.86 99.47
TR 0.009 98.08 99.25 97.66 99.09
o g gt 0.000 6 99.93 100.00 99.84 100.00
Mk 0.001 4 99.80 99.95 99.64 99.95
54 FRHR. Catboost F1 XGBoost 5 75 Se Fi il e 4 & MK 25

AR SCCAVY A1 G R 8 JEA B (38 AT 2 oA
Sk, R AR DT HORE O B R R A AR O
BRI, SRIARFIERFE ] BRAR— 2 [
g 1) P 5 T B ATL AR A 11 386 V1 AR A Bk 5 v i B
FERAE, AL T ARYERIA REH . KNNL BEL

http://rifd.cbpt.cnki.net

BB A T g RORE T B AL S . BT
LERERNUT .

1) BT BEHLARAR A RF AR T R U 5 TR A
R 30 AMRFAESR X B ELE AT 9 MRFAE, AIHTIX 9
AMFFIERUAT SO WS BRE KR ME R, fE1R
e AT T SR DRI I v 7 AR ) R




%7 W

WRfEoe & S THLES S ST I RO B A 7 EE At 7t 73

)P B LE I ZR4R 1135 )5 1% %4 0.003,
MARSE EJ7 12229 0.010; KNN BRIZE I 254
35 751 28 0.002, PMAEE 35771 254 0.009;
BEHLAR ML LE Y 54 ¥ 7% 228 0.003, I
R LT R ZN 0.006; XGBoost HAITE I ZR4E
AT R 2 0.002, Ml AR FI 7R %58 0.006.
X 4 PRSI B R AL T 2R A GRS 7 v 22
0.336) Al Catboost Gl ALY 712 0.299) 2 Fifs
A, Horh XGBoost Z5& TRk i e

3 MRE. BMEREBEAELSET A A T
THAS H T AL O iR 5o AR Tl 5 e R PR RRALE
JZ 3 M HLIE R 2 FIRD— VRO 5 o i 22 RO
IR E R R AR )N o

4) T XGBoost #5714 TR B bf, T
DU B, TR R, AR X 6 4>
PR H (1) XGBoost A5 7 % & K 25 ik ik AT i o

(& % 3 #f]

(1] EFHK, AR, A, 5 BT SR ENR R R
[ B CAR S R E ). HL DR 244, 2005,
25(20): 72-76.

WANG Chunlin, ZHOU Hao, ZHOU Zhanghua, et al.
Support vector machine modeling on the unburned carbon
in fly ash[J]. Proceedings of the CSEE, 2005, 25(20): 72-76.

(2] BREUE, XE¥. T ETTH NS R 2 AL

SR RO B O AR D]. AR bR R R,
2006(1): 72-75.
CHEN Minsheng, LIU Dingping. Soft-sensing modeling
of the unburned carbon in fly ash based on KPCA-SVM
for power station boilers[J]. Journal of North China
Electric Power University, 2006, 33(1): 72-75.

(3] JaEHE 258k, TR, HT SYM MR EGTNN WRE
R RTN]. RS 4R, 2013, 25(4): 727-731.
ZHOU Guoxiong, LI Lin, SHEN Xuejie. Integrated
prediction for carbon content in fly ash based on online
support vector machine and grey prediction[J]. Journal of
System Simulation, 2013, 25(4): 727-731.

(4] FAE, HEE. FETHRAERIFN RS HER
R[] 1k, 2014, 43(10):46-50.

BIAN Heyin, FANG Yanjun. SVR-based study on soft-
sensing measurement of carbon content in fly ash[J].
Thermal Power Generation, 2014, 43(10): 46-50.

(5] MR, Kt B, 5. FT NTHHZM R

BT AP RO S R A[I]. b [ AL AR AR
2002, 22(6): 96-100.
ZHOU Hao, ZHU Hongbo, ZENG Tinghua, et al.
Artificial neural network modelling on the unburned
carbon in fly ash from utility boilers[J]. Proceedings of the
CSEE, 2002, 22(6): 96-100.

(6] Jritads, ma&if. 3T BP tHEMEHI ] By €K
BB T[], A R BOR S R (H AR R R,
2003, 31(12): 75-77.

FANG Xiangtao, YE Nianyu. A system for forecasting the
unburned carbon of the fly ash from utility boilers based
on BP artificial neural netwoks[J]. Journal of Huazhong
University of Science and Technology(Natural Science

http://rlfd.cbpt.cnki.net

Edition), 2003, 31(12): 75-77.

(7] BEIR, TA&SE, BRE, 5. FT BP MM

By KRS R A ]. gl ) TRE, 2005,
20(2): 158-162.
ZHAO Xinmu, WANG Chengliang, LYU Junfu, et al. The
investigation of carbon content in fly ash for a BP neural
network-based pulverized coal-fired boiler[J]. Journal of
Engineering for Thermal Energy and Power, 2005, 20(2):
158-162.

(8] ST, TEedh, X, RS R WK &k E
WMSEATRAG[T]. #4J7% H, 2010, 39(9): 30-35.
WEN Wenjie, MA Xiaogian, LIU Ao. Prediction of
unburned carbon content in fly ash and operation
optimization for mixedly burning blended coal in
boilers[J]. Thermal Power Generation, 2010, 39(9): 30-35.

(9] wIkd, BBRA, fHhA, &5 5T BP #h& M4 1
I F 56 K RS b TR AR B T 3 AT [3]. e i,
2014(5): 1-10.

YE Zhaoging, YAN Xiaozhong, LU Kunjie, et al. A predic-
tive analysis of carbon content in fly ash based on BP neural
network[J]. Boiler Manufacturing, 2014(5): 1-10.

[10] EENI, BRHER, BEE. FET EALME M S EURIE

ST CIR S B E I D). I S A AR,
2016, 30(7): 1083-1089.
FENG Xugang, QIAN Jiajun, ZHANG Jiayan. Prediction
method of unburned carbon content in fly ash based on
genetic neural network with sensitivity analysis[J].
Journal of Electronic Measurement and Instrumentation,
2016, 30(7): 1083-1089.

[11] Fril, BRI, WkAr, 55, BT R LI RS iR

RO B R ). RS TR, 2019,
35(11): 55-61.
QIAO Yuan, WANG Jianfeng, YANG Yongcun, et al. Soft
measurement model and implementation of fly ash carbon
content based on neural network[J]. Electric Power
Science and Engineering, 2019, 35(11): 55-61.

[12] £, H&RE, FH. ETHIRRZSEIEER WK
ThRETEA[I]. 7K, 2018, 47(11): 89-95.
WANG Fang, MA Suxia, WANG He. Prediction model of
carbon content in fly ash using random forest variable
selection method[J]. Thermal Power Generation, 2018,
47(11): 89-95.

[13] &, FHEM, M, TR BP #hEM&M4E

VB A AP TR B TR AR B AT L [3]. T A BRI,
2020, 38(2): 150-157.
ZHU Jingi, NIU Xiaofan, XIAO Xianbin. Prediction
models of the carbon content of fly ash in a biomass boiler
based on improved BP neural networks[J]. Renewable
Energy Resources, 2020, 38(2): 150-157.

[14] 5k5eHr, HE, BE, & T ELTEER N K
ERRETN]. FelR 51768, 2021(12): 166-169.
ZHANG Xianlian, XIAO Yu, PAN Bo, et al. Prediction of
carbon content in fly ash based on hierarchical and
polynomial model[J]. Energy and Energy Conservation,
2021(12): 166-169.

[15] R, Bk, £, & HETEBIRREHRITER
FENLARAMR B[], Siil 5k, 2017(21): 60-63.

WU Chenwen, LIANG Jinghan, WANG Wei, et al.
Random forest algorithm based on recursive feature
elimination[J]. Statistics & Decision, 2017(21): 60-63.

TG A% R




